Abstract: Phytoremediation refers to the use of plants for extraction and detoxification of pollutants, providing a new and powerful weapon against a polluted environment. In some plants, such as Thlaspi spp, heavy metal ATPases are involved in overall metal ion homeostasis and hyperaccumulation. P1B-ATPases pump a wide range of cations, especially heavy metals, across membranes against their electrochemical gradients. Determination of the protein characteristics of P1B-ATPases in hyperaccumulator plants provides a new opportuntity for engineering of phytoremediating plants. In this study, using diverse weighting and modeling approaches, 2644 protein characteristics of primary, secondary, and tertiary structures of P1B-ATPases in hyperaccumulator and nonhyperaccumulator plants were extracted and compared to identify differences between proteins in hyperaccumulator and nonhyperaccumulator pumps. Although the protein characteristics were variable in their weighting, tree and rule induction models; glycine count, frequency of glutaminevaline, and valine-phenylalanine count were the most important attributes highlighted by 10, five, and four models, respectively. In addition, a precise model was built to discriminate P1B-ATPases in different organisms based on their structural protein features. Moreover, reliable models for prediction of the hyperaccumulating activity of unknown P1B-ATPase pumps were developed. Uncovering important structural features of hyperaccumulator pumps in this study has provided the knowledge required for future modification and engineering of these pumps by techniques such as site-directed mutagenesis.
Introduction
Many metal ions are essential as trace elements, but at higher concentrations they become toxic. Nowadays, environmental pollution from heavy metals has raised great concern, because polluted soil is often useless for agriculture and poses a major threat to living organisms. 1 In addition, these heavy metals can enter the food chain and pose a high risk at the top of the food chain, including humans. Toxic heavy metal contamination accelerated dramatically at the start of the industrial revolution. 2 The primary causes of this pollution are burning of fossil fuels, mining and smelting of metallic ferrous ores, municipal wastes, fertilizers, pesticides, and sewage. 3 Removal of heavy metals from polluted soil is difficult, expensive, and time-consuming.
Phytoremediation has gained increasing attention as a cost-effective method for removal of heavy metals from contaminated sites. This method is a low-technological and low-cost emerging cleanup technology. 4 It has been shown that some plants have the potential to detoxify heavy metals and can survive under metal stresses. 5 High tolerance of some plants to heavy metal toxicity could rely either on reduced heavy metal uptake or increased internal sequestration, manifested by an interaction between the genotype and its environment. It is estimated that approximately 400 plant species from different families, including Asteraceae, Brassicaceae, Caryophyllaceae, Poaceae, Violaceae, and Fabaceae, can tolerate very high levels of heavy metals in the soil. 6, 7 The Brassicaceae family is best represented among these families, with 87 species classified as metal hyperaccumulators. 8 Hyperaccumulation in plants that are endemic to metalliferous soils refers to their ability to tolerate and accumulate metals in their above-ground tissues to very high concentrations (approximately 100 times that of nonaccumulator plant species). Accumulation of these heavy metals in plants can occur following their uptake from contaminated soil. 9 Specialized transport proteins, in the form of channels, carriers, and pumps, mediate the movement of heavy metals through membranes. 10 Recent studies have shown that plants possess several classes of metal transporters that must be involved in metal uptake and homeostasis, and thus could play a key role in tolerance. These include heavy metal transport P (CPx)-ATPases, natural resistance-associated macrophage proteins and cation diffusion facilitators, the zinc-iron permease family, and cation antiporters. 11, 12 Several types of heavy metal transporters have now been cloned from plants. 13 CPx-ATPases are believed to act as key heavy metal transporters, involved not only in metal ion homeostasis, but also in the overall strategy for heavy metal tolerance.
14 This superfamily includes five major branches and 10 subfamilies, according to the substrate being transported, and not according to the evolutionary status of the parental species. 15 Heavy metal ATPases, classified as Type IB ATPases, together with the closely related Type IA ATPases (which are thought to be involved in K transport), are considered to constitute a monophyletic group. 16 Type IB ATPases, which have been found in bacteria, archaea, and eukaryotes, are thought to have evolved early in the evolution process. CPx-ATPases share the common feature of a conserved intramembranous cysteine-proline-cysteine, cysteine-proline-histidine, or cysteine-proline-serine (CPx) motif which is thought to function in heavy metal transduction. 17 CPx-ATPases are characterized structurally by having a single subunit, ie, 8-12 transmembrane segments, N-and C-termini exposed to the cytoplasm, and a large central cytoplasmic domain, including phosphorylation and ATP binding sites. 18 From our point of view, dissecting a large number of functional protein trough data mining algorithms and modeling the activity of protein pumps based on their structural protein attributes provides a novel functional strategy for understanding the mechanism of phytoremediation.
Data mining problems often deal with hundreds or thousands of variables. 19 Fitting a model, such as a decision tree or itemset mining, to a set of variables this large may require more time than is practical. 20 Usually many features determine the characteristics of a protein molecule. As a result, most of the time and effort spent in the model-building process involves identifying which variables to include in the model. Various models, such as attribute weighting (or feature selection) allow the variable set to be reduced in size, creating a more manageable set of attributes for modeling. 21 A decision tree algorithm 22 predicts the value of a discrete dependent variable with a finite set from the values of a set of independent variables. A decision tree is constructed by looking for regularities in the data, determining the features to add at the next level of the tree using an entropy calculation, and then choosing the feature that minimizes entropy impurity. 23 Several wellknown decision tree algorithms are available, and have been employed in modeling of protein thermostability. 24 To understand better the features that contribute to heavy metal transporters (ie, hyperaccumulators, tolerant and sensitive), it is necessary to identify the main features responsible for this valuable characteristic. Up until now, researchers have only considered a restricted number of protein characteristics in a few selected sequences of hyperaccumulator pumps. It has now become obvious that analyzing a large number of protein characteristics within all available P1-ATPase pumps can provide a comprehensive overview of the structure and function of P1-ATPase pumps during phytoremediation. To achieve this goal, recent feature selection and modeling algorithms, generally called data mining, may play a central role in uncovering data patterns.
We initially calculated a large number (n = 2644) of protein characteristics for each P1-ATPase sequence. Various clustering, screening, itemset mining, and decision tree models were then used to determine and model the most important features responsible for P1B-ATPase pump function. Considering a large number of protein features enabled us to detect key protein characteristics in the structure of hyperaccumulator heavy metal transporter pumps. The results showed that various bioinformatic and modeling tools can be exploited to identify the type and activity of heavy metal transporters, with a precision rate up to 95%. It is also reported here that feature selection or attribute weighting can be used to select the most important protein attributes of ATPase pumps, such as glycine count, and reduce the burden of processing equipments.
Methods and Materials
One hundred and sixty-eight sequences of P1B-ATPase proteins from plants, bacteria, fungi, and yeasts (able to transport Cu , and Ag + ) were extracted from the UniProt knowledge (Swiss-Prot and TrEMBL) databases and categorized as hyperaccumulators, tolerant and sensitive, to heavy metals (Appendix 1). A total of 2643 protein characteristics, including length, weight, isoelectric point, count, and frequency of each element (C, N, S, O, and H), count and frequency of each amino acid, count and frequency of negatively and positively charged ions, hydrophilic and hydrophobic residues, count and frequency of dipeptides, number of α-helices and β-strands and other secondary protein features, and bond angle, bond length, dihedral angle, and other tertiary protein features were extracted. These features were classified as either continuous or categorical variables. Subsequently, one dataset of protein features was imported into Clementine software (Clementine_NLV-11.1.0.95, Integral Solutions Ltd, Chicago, USA). Null data for types of metal transporters and organisms were discarded, and each time one of them was set as the output variable and the other variables were set as input variables. The same dataset was also imported into RapidMiner software (RapidMiner 5.0.001, Rapid-I GmbH, Dortmund, Germany) and the type of metal transporter (categorized as hyperaccumulator or tolerant) was set as a target or label attribute. When the itemset mining model was used, no label or target attribute was set as required by this model.
To identify the most important characteristics of heavy metal transporters, we used various screening models (anomaly detection model, feature selection algorithm, or attribute weighting), clustering models [K-means and two-step cluster], tree induction models (with various criteria, C5.0 with 10-fold crossvalidation and classification and regression trees), itemset mining (FP-growth) and rule induction model (10-fold cross-validation through stratified sampling), as described by Ebrahimi et al. 12 Whenever requested by a model, data were discretized by frequency, ie, data were divided into three bins (ranges) with nearly equal frequencies in each class (low 0-0.3, mid 0.3-0.5, and high .0.5). Sometimes data were converted to nominal datasets and, in some cases, to binominal datasets.
Results
The average length, weight, isoelectric point, and aliphatic indices of the proteins were 322.4 ± 209.9, 36.2 ± 24.9, 7.2.4 ± 1.7, and 97.9 ± 15.2 (mean ± standard deviation [SD]), respectively. The average counts of S, C, N, O, and H were 11.01, 201.86, 368.57, 383.65, and 89.55, respectively, and the average counts of hydrophobic, hydrophilic, and other residues were 217.1, 137.2, and 102.3, respectively.
The frequencies of H, C, O, N, and S in all enzymes were 0.504 ± 0.006, 0.316 ± 0.006, 0.092 ± 0.005, 0.86 ± 0.005, and 0.002 ± 0.001, respectively, and the frequencies of hydrophobic, hydrophilic, and negatively and positively charged residues were 0.521 ± 0.067, 0.217 ± 0.45, 0.263 ± 0.065, 3.83 ± 14.25, and 3.38 ± 12.02, respectively. The frequencies of amino acids ranged from low (0.01 ± 0.001 for cysteine) to high (0.102 ± 0.031 for leucine).
In 97.89% of proteins, the N-terminal amino acid was methionine, and in 0.85%, 0.48%, 0.31%, and 0.17% of proteins, the same position was occupied by alanine, serine, threonine, and proline, respectively. In only 0.07% of proteins, the last amino acid was isoleucine, glycine, or aspartic acid, and, in 0.03%, the N-terminal amino acid was occupied by lysine, cysteine, or arginine. The average nonreduced cysteine extinction coefficient at 280 nm was 60.51, the nonreduced cysteine absorption was 0.91, the reduced cysteine extinction coefficient was 39.07, and the reduced cysteine absorption was 0.90.
Attribute weighting
As a requirement for various weighting models, as expected, data were normalized and all weights were 0-1. The comparison between different weighting algorithms for the type and number of selected attributes in the formation of hyperaccumulator P1-ATPase pumps is shown in Table 1 . Testing different weighting algorithms provided the opportunity for robust attribute selection.
Weighting by principal component analysis More than 18 attributes were shown to have weights $0.70. The glycine-glutamine count had the highest weight (Table 1) .
Weighting by support vector machine model When the support vector machine model was applied, 22 attributes had weights $0.70, for which the glutamine-asparagine count showed the highest weight (Table 1) .
Weighting by relief As presented in Table 1 , when this model was applied to the dataset, just four attributes showed a weight .0.70.
Weighting by uncertainty
Using this method, the glycine count was the sole attribute, with a weight of 1. The other attributes had weights ,0.70 (Table 1) .
Weighting by gini index
In the Gini index model, which is similar to uncertainty weighting algorithms, the glycine count had a weight of 1.0 and the valine-phenylalanine count had a weight of 0.70. The other attributes showed weights lower than 0.70 (Table 1) .
Weighting by chi-square Only one attribute (glycine count) had a weight .0.70. No other attribute gained weights .0.70 (Table 1) .
Weighting by deviation
Tryptophan-asparagine and tryptophan-tyrosine counts showed weights .0.70 (0.88 and 0.78, respectively, see Table 1 ).
Weighting by rule A reduced extinction coefficient at 280 nm with a weight of 1.0 was the sole attribute with weight .0.70 (Table 1) .
Weighting by gain ratio When this model was applied, 61 attributes showed a weight .0.70. The highest weight (1.0) was for the valine-phenylalanine count (see Table 1 ).
Weighting by information gain Glycine count, valine-phenylalanine count, frequency of valine-phenylalanine, and frequency of glutamine-valine (values of 1.0, 0.92, 0.88, and 0.57, respectively) were the four most important attributes (Table 1) .
Itemset mining
When FP-growth was run on all attributes, more than 6000 rules were created. Support of the rules went up to 99% for the frequency of methionine-lysine when it was low (,0.3). When the frequencies of tryptophan-glutamine and histidine-methionine, the histidine-methionine and cysteine-histidine counts, the frequencies of tryptophan-asparagine, tryptophancysteine, and arginine-cysteine, and the tryptophancysteine and histidine-glutamine counts were ,0.3, Ser-cys, Ala-Leu, gly-Trp, Lys-Pro, Phe-Ala, Tyr-Pro, Ala-his, Pro-Arg counts; frequency of glu-Asp, Tyr-Pro 0.77 Pro-Ile count 0.73 gly-Leu, Sulfur, cys-cys, glu, Phe-glu, Met-Thr, Tyr-his, cys-gly, Asp-Thr, Pro-Ser, Arg-Pro, gln-cys counts; negatively charged residues, Leu-his, cys-Pro, Ser-Thr; frequency of his-glu, Asp, Thr-Ala; negatively charged residues, Pro, cys-cys, Trp-Lys, Asp-Thr, gln-cys, Trp, Leu-Trp, Pro-Thr 0.71 their supports were 0.97-0.98. When the frequencies of methionine-lysine, tryptophan-glutamine, or histidine-methionine were low, the support reached 97%, but when the frequencies of methionine-lysine, tryptophan-glutamine, and histidine-methionine, as well as the histidine-methionine count were low, the support decreased to 95%.
In all FP-growth rules generated, the values of some attributes were low because the low value attributes dominated the dataset. Therefore, FP-growth was run with selected attribute properties, excluding low value attributes, and taking into account the attributes with mid and high values. The model created 96 rules (52 rules with one item, 36 rules with two times and eight rules with three items) with support in the 50%-85% range. The proline-cysteine count with mid values (0.30-0.50) gained the highest support (85%). When the protein transporter family was P1B-ATPase, the support was 84%. In the case of a mid count for proline-cysteine and the P1B-ATPase protein family, the support was 80%, but when the protein family was P1B-ATPase and the valine-leucine count was high (.0.50), the support decreased to 50%.
Tree induction
Decision tree Data were discretized, as mentioned earlier. Ten-fold validation with stratified sampling was used to build the tree and the average performances were calculated. The models were run with a minimal size of four for a node to allow a split, a minimal size of two for all leaves. TA minimal gain of 0.1 to produce a split, a maximal tree depth of 20, a confidence level of 0.25 for the pessimistic error calculation of pruning and the number of alternative nodes of 3 when pre-pruning would prevent a split. Four different criteria were used to induce the decision trees as follows: gain ratio This model generated a decision tree with a depth of 8 and a total accuracy of 72.75% ± 6.25% (82.43% for tolerant and 62.50% for hyperaccumulator transporters), and a precision of 86.34% ± 12.23%. The most important feature used to build this tree was the frequency of glutamine-valine. If the value of this feature was .0.5 or this value was 0.3-0.5 and the tryptophan-histidine count was low, or if the value for the frequency of glutamine-valine was low (,0.3) and the frequency of cysteine-glycine was high, the heavy metal transporter fell into the tolerant category. Otherwise, if the count for this feature was high and the alanine-histidine count was low, the metal transporter fell into the hyperaccumulator group. However, if the value for the frequency of cysteine-glycine was mid, the heavy metal transporter fell into the hyperaccumulator group. If the value for this feature was low and the frequency of lysine-glycine was mid, the protein was in the tolerant group; otherwise it belonged to the hyperaccumulator group (Fig. 1 ).
Information gain
In this model, a tree with a depth of 5, an accuracy of 72.24% ± 10.66%, and a precision of 78.55% ± 11.21 was created. The main feature used to build the tree was the glycine count; if the value was ,0.445, the frequency of phenylalanine-arginine was high, and the alanine-asparagine count was high, the transporter fell into the tolerant group, but if the value of this attribute was low or mid, the heavy metal transporter belonged to the hyperaccumulator group. If the glycine count was 0.445-0.565, the asparagine-aspartic acid frequency was high, and alanine-lysine count was high, the protein fell into the tolerant group, otherwise it fell into the hyperaccumulator group. While the frequency of asparagine-aspartic acid was high and the valine-tyrosine and alanine-aspartic acid counts were high, the protein fell into the hyperaccumulator group, otherwise into the tolerant group. Finally, when the glycine count was .0.565 and the methionine-serine and serine-leucine counts were high, the transporter fell into the hyperaccumulator group; otherwise it fell into the tolerant group.
gini index
The depth of the decision tree created using this criterion was just 3, with 69.57% ± 10.32% accuracy and 72.93% ± 13.39% precision. The cysteinehistidine count was used as the main feature to create the tree branches. If the value of this attribute was high, the metal transporter fit into the hyperaccumulator group. If it was low and the cysteinehistidine count was high, the protein was allocated to the tolerant category. However, if the value for the last attribute was low and the cysteine-aspartic acid count was high, the protein fell into the hyperaccumulator group. If the cysteine-histidine count was low, the cysteine-isoleucine count was mid, and the alanine-glycine and alanine-aspartic acid counts were high, the transporter belonged to the hyperaccumulator group; Otherwise, if the value for the alanine-aspartic acid count was mid, the protein belonged to the tolerant group.
Accuracy
By applying an accuracy criterion, a tree with a depth of 15, an accuracy of 56.86% ± 12.11%, and a precision of 70.95% ± 17.63% was generated. If the cysteine-histidine count was high, the protein fell into the tolerant category, but if the value for this was low and the counts for glutamic acid-histidine, histidine-cysteine, histidine-aspartic acid, cysteinecysteine, cysteine-aspartic acid, cysteine-glycine, alanine-cysteine, alanine-glutamic acid, and alaninealanine were low and the alanine-aspartic acid count was high, the transporter belonged to the tolerant group but, with the same order of attributes; if the alanine-aspartic acid count was high, it belonged to the hyperaccumulator group.
ID3 discretized data
Data were discretized as mentioned earlier, and a 10-fold validation with stratified sampling was used to build the tree, and the average performances were calculated. The models run with a minimal size of four for a node to allow a split, a minimal size of two for all leaves, a minimal gain of 0.1 to produce a split, a maximal tree depth of 20, a confidence level of 0.25 for the pessimistic error calculation of pruning and the number of alternative nodes of three when prepruning would prevent a split. Four different criteria were used to induce the decision trees as follows:
gain ratio This model generated a decision tree with a depth of 16, a total accuracy of 74.00% ± 9.73%, and a precision of 86.62% ± 10.67%. The most important feature used to build the tree was the frequency of glutamine-valine. If the value of this feature was high and the proline-glutamine count was either high or mid, the heavy metal transporter fell into the hyperaccumulator category, otherwise it fell into the tolerant group. If the frequency of glutamine-valine was low, the frequency of cysteine-glycine was high, and the alanine-phenylalanine count was low, the transporter belonged to the tolerant group; otherwise if the value for alanine-phenylalanine was mid, it belonged to the hyperaccumulator group. If the frequency of glutamine-valine was mid, the glycine-proline count was low, and the arginine-tyrosine count was high, the protein fell into the hyperaccumulator group, but if the arginine-tyrosine count was low, the tryptophan-arginine count was high, and the alanineglutamic acid count was low, the transporter belonged to the tolerant category, and otherwise belonged to the hyperaccumulator category.
Information gain
In this model, a complex tree with a depth of 3, an accuracy of 80.86% ± 9.94%, and a precision of 89.74% ± 10.23% was created. The main feature to build the tree was the type of organism. If the organism was Arabidopsis and the aspartic acid-glutamic acid count was high or low, the protein fitted into the tolerant group, otherwise it fell into the hyperaccumulator group. If the organism was Aspergillus and the histidine-valine count was high or mid, the heavy metal transporter belonged to the hyperaccumulator category; if not, it belonged to the tolerant category. If the organism was Candida and the aspartic acid-methionine count was either high or low, the transporter belonged to the tolerant group, otherwise to the hyperaccumulator category. However, if the organism was Oryza and the asparagine-tryptophan count with low, the protein fit into the tolerant group; if not, it fitted into the hyperaccumulator group. If the organism was Pichia and the glutamic acid-aspartic acid count was either low or mid, the protein fell into the hyperaccumulator group, otherwise into the tolerant group. If the organism was Pseudomonas and the alanine-methionine count was high, the heavy metal transporter belonged to the tolerant category; if the value was mid, the category was hyperaccumulator. If the organism was Saccharomyces, a glutaminearginine count with a high or low value denoted that the transporter fell into the tolerant group. When the organism was Sorghum and the alanine-alanine count was low, the transporter fitted into the tolerant group, but if the value was mid, it belonged to the hyperaccumulator group. Finally, if the organism was Staphylococcus and the alanine-alanine count was either high or low, the protein fell into the tolerant category, and if not, it fell into the hyperaccumulator category.
gini index
The depth of the decision tree created using this criterion was over 200, with an accuracy of 69.57% ± 10.32% and a precision of 72.93% ± 13.39%. The cysteinehistidine count was used as the main feature to create the tree branches, but the tree was too complicated to be able to draw meaningful rules.
Accuracy
Applying an accuracy criterion also generated a decision tree with a depth of more than 200, an accuracy of 65.10% ± 8.90%, and a precision of 84.57% ± 11.24%. The cysteine-histidine count was used to create the main tree branches, but again the tree was so complicated that no rules could be extracted.
Decision tree (numerical data)
No discretization was applied on the data, but stratified sampling was used to build the tree and the average performances were calculated. The models were run with the minimal size of 4 for a node to allow a split, a minimal size of 2 for all leaves, a minimal gain of 0.1 to produce a split, a maximal tree depth of 20, and a confidence level of 0.25 for the pessimistic error calculation of pruning and the number of alternative nodes of 3 when prepruning would prevent a split. Four different criteria were used to induce the decision trees as follows: gain ratio This model generated a decision tree with a depth of 8, an accuracy of 80.10% ± 10.34%, and a precision of 91.89% ± 10.81%. The most important feature used to build the tree was the valine-phenylalanine count: if the value was ,0.115, the protein belonged to the tolerant group; if the valine was .0.115, the valine-valine count was .0.205, and the frequency of histidine-glutamic acid was .0.208, the transporter fell into the tolerant group. However, if the value was #0.208, the asparagine-threonine and valine-proline counts were #0.648 and #0.812, respectively, the frequency of proline-glutamic acid was #0.500, the frequency of leucine-threonine was .0.125, the glycine-lysine count was #0.909, and the frequency of methionine-valine was #0.833, the metal transporter belonged to the hyperaccumulator group, otherwise it fitted into the tolerant group.
Information gain
In this model, a tree with a depth of 6, an accuracy of 81.38% ± 8.93%, and a precision of 86.84% ± 9.56% was created. The main feature used to build the tree was the glycine count. If its value was .0.505 and the frequency of histidine-serine was .0.192, the metal transporter fell into the tolerant category. If the frequency of histidine-serine was #0.192, the frequency of glycine-phenylalanine was .0.318, and the lysinevaline count was #0.227, the protein fell into the hyperaccumulator group, otherwise it belonged to the tolerant group. If the frequency of glycine-phenylalanine was #0.318 and the weight of protein was .0.896 and the glutamine-leucine count was .0.375, the protein fit into the hyperaccumulator group; if not it fitted into the tolerant group. If the glycine count was #0.50, the frequency of phenylalanine-arginine was .0.500, and the glutamine-glutamic acid count was .0.250, the transporter fell into the tolerant category; otherwise if the glutamine-glutamic acid count was #0.250 and the alanine-phenylalanine count was #0.500, the protein belonged to the hyperaccumulator category. Finally, if the frequency of phenylalanine-arginine was #0.500 and the proline-arginine count was .0.583, it fitted into the hyperaccumulator group, and if the proline-arginine count was #0.583, it fell into the tolerant group.
gini index
The depth of decision tree created with this criterion was 6, with an accuracy of 73.05 ± 8.60 and a precision of 78.58% ± 11.65%. If the glycine count was .0.505, the group was "animal", the organism was "fungus", the protein family was Postia, the serine-tyrosine count was .0.100, and the aspartic acid-valine count was .0.409, the transporter fit into the hyperaccumulator group, otherwise it fitted into the tolerant group. If the organism was a plant and the isoleucine-asparagine count was .0.206, it fell into the tolerant group; if not, it fitted into the hyperaccumulator group. If the organism was yeast, the protein family was Postia, and the asparagine-asparagine count was .0.083, the transporter was in the tolerant group, and if not, it was in the hyperaccumulator group. If the group was "bacteria", the histidine-serine count was .0.250, the transporter was in the tolerant group, otherwise it fitted into the hyperaccumulator group. If the glycine count was ,0.505 and the alanine-leucine count was .0.833, the protein fell into the hyperaccumulator group. If the proline-arginine count was #0.583 and the tryptophan-histidine count was .0.750, the heavy metal transporter was from the hyperaccumulator group.
Accuracy
For a tree with a depth of 5, an accuracy of 74.62% ± 9.21% and a precision of 81.13% ± 5.66% were generated. The type of organism was the main feature used to build the tree. If the organism was a bacterium and the alanine-leucine count was .0.810, the transporter was from the hyperaccumulator group, otherwise it was from the tolerant group. If the organism was a fungus, the group was animal, and the asparagine count was .0.307, the protein fell into the tolerant group; otherwise, if the count was #0.250, it belonged to the tolerant group. If the organism was yeast, the group was animal, the protein family was Postia, and the aspartic acid-phenylalanine count was .0.917, the protein belonged to the hyperaccumulator group; if not, it belonged to the tolerant group.
ID3 (numerical data)
No discretization was applied to the data, and stratified sampling was used to build the tree, with average performances calculated. For models run with a minimal size of 4 for a node to allow a split, a minimal size of 2 for all leaves, a minimal gain of 0.1 to produce a split, and a maximal tree depth of 20, the confidence level of 0.25 for the pessimistic error calculation of pruning and the number of alternative nodes of 3 when prepruning would prevent a split. The criteria used to induce the decision trees were as follows:
gain ratio criterion This model generated a decision tree with a depth of 13, an accuracy of 82.14% ± 9.69%, and a precision of 90.54% ± 6.84%. The most important feature of this tree was the frequency of glutamine-valine. If the value was .0.312 and the glutamic acid-glycine count was .0.636, the heavy metal transporter fell into the hyperaccumulator category, otherwise it fell into the tolerant group. If the frequency of glutamine-valine was #0.312, the frequency of isoleucine-isoleucine was .0.036, and the glutamic acid-asparagine count was .0.643, the transporter belonged to the tolerant group, Otherwise, if the value for glutamic acid-asparagine was #0.643 and the valine-phenylalanine count was .0.115, the alanine-methionine count was #0.611, and the frequency of glutamic acid-histidine was .0.318, the protein fell into the tolerant group. If the frequency of glutamine-valine was mid, the glycine-proline count was low, and the arginine-tyrosine count was high, the protein fell into the hyperaccumulator group. If the arginine-tyrosine count was low, the tryptophanarginine count was high, and the alanine-glutamic acid count was low, the transporter belonged to the tolerant category, otherwise it belonged to the hyperaccumulator category.
Information gain
In this model, a tree with a depth of 2 and a complex character at the second level, ie, an accuracy of 80.10% ± 9.51% and a precision of 88.38% ± 8.0% were created. The main feature used to build this tree was the type of organism. If the organism was Arabidopsis and the glutamic acid-phenylalanine count was .0.417, the protein fit into the hyperaccumulator group, otherwise into the tolerant group. If the organism was Aspergillus and the histidine-valine count was .0.375, the heavy metal transporter belonged to the hyperaccumulator category; if not, it belonged to the tolerant category. If the organism was Candida and the phenylalaninevaline count was .0.409, the transporter belonged to the hyperaccumulator group, otherwise to the tolerant category. However, if the organism was Oryza and the phenylalanine-valine count was .0.136, the protein fit into the hyperaccumulator group; if not it fitted into tolerant group. If the organism was Pichia and the alanine-methionine count was .0.389, the protein fell into hyperaccumulator group, otherwise into the tolerant group. If the organism was Pseudomonas and the alanine-glutamic acid count was .0.382, the heavy metal transporter belonged to hyperaccumulator category; if the value was #0.382, the category was tolerant. The phenylalanine-isoleucine count with a value .0.167 denoted that transporter fell into the tolerant group, if the organism was Saccharomyces. When the organism was Sorghum and the alanine-alanine count was .0.318, the transporter fitted into the hyperaccumulator group, but if the value was lower than that, it belonged to the tolerant group. Finally, if the organism was Staphylococcus and the alanine-glutamic acid count was .0.412, the protein fell into the hyperaccumulator category, and if not, into the tolerant category.
gini index
The depth of the decision tree was 5, with 82.24% ± 7.52% accuracy and 90.32% ± 7.49% precision. The type of organism was used as the main feature to create the tree branches. When it was Anabaena, Brassica, Helicobacter, Penicillium, Podospora, Rhizobium, or Thlaspi, the metal transporter belonged to the hyperaccumulator group, but when the organism was Bacillus, Bdellovoibrio, Cryptococcus, Debaryomyces, Enterococcus, Kluyveromyces, Leptospira, Listeria, Lodderomyces, Nisseria, Neosartorya, Neurospora, Oscillatoria, Postia, Ralstonia, Salmonella, Schizosaccharomyces, Triticum, Ustilago, or Zea, it belonged to the tolerant group.
If the organism was Arabidopsis and the group was animal, the protein fitted into the tolerant group; otherwise, if the group was bacteria and the cysteinehistidine count was #0.150, the metal transporter belonged to the hyperaccumulator group. If the organism was Aspergillus the organism was fungus, the group was animal, and the histidine-valine count was .0.375, the protein fell into the hyperaccumulator group; if not, it fell into the tolerant category. If the organism was Candida, the group was animal, the protein family was Postia, and the phenylalanine-valine count was .0.409, the transporter belonged to the hyperaccumulator group, otherwise to the tolerant category. If the organism was Oryza and the group was animal, the transporter fell into in the hyperaccumulator category; if the group was either bacteria or animal, it belonged to the tolerant group. If the organism was Pichia, the group was animal, the protein family was Postia, and the alanine-methionine count was .0.389, the protein fell into the hyperaccumulator group, otherwise into the tolerant group. If the organism was Pseudomonas, the group was bacteria, the protein family was Postia, and the alanine-alanine count was .0.576, the heavy metal transporter belonged to the tolerant category. If the value was #0.576, the category was the hyperaccumulator group. If the group was animal and the organism was Saccharomyces, the protein fell into the tolerant group, otherwise into the hyperaccumulator group. When the organism was Sorghum, the protein family was Postia, and the alanine-alanine count was .0.318, the transporter fitted into the hyperaccumulator group, but if the value was lower than that, it belonged to the tolerant group. Finally, if the organism was Staphylococcus, the group was animal, the protein was of the Type IB subfamily, and the alanine-alanine count was .0.273, the protein fell into the hyperaccumulator category; if not into the tolerant category.
Accuracy
Applying an accuracy criterion also generated a decision tree with a depth of .5, an accuracy of 80.29% ± 9.94% and a precision of 90.97% ± 8.02%. The main feature used to build this tree was the type of organism. If the organism was Arabidopsis and the group was animal, the protein fitted into the tolerant group; otherwise, if the group was bacteria and the alaninelysine count was #0.850, it fell into the hyperaccumulator group. If the organism was Aspergillus, the group was animal, the protein family was Postia, and the histidine-valine count was ,0.375, it belonged to the hyperaccumulator group; if not, it belonged to the tolerant category. If the organism was Candida, the group was animal, and the phenylalanine-valine count was .0.409, the transporter belonged to the hyperaccumulator group, otherwise to the tolerant category. However, if the organism was Oryza and the group was animal, the protein fitted into the hyperaccumulator group; if the group was bacteria or animal, it fitted into the tolerant group. If the organism was Pichia, the protein family was Postia, and the count of alanine-arginine was .0.125, the protein fell into the tolerant group, otherwise into the hyperaccumulator group. If the organism was Pseudomonas, the protein family was Postia, and the alanine-alanine count was .0.576, the heavy metal transporter belonged to the tolerant category; if the value was ,0.576, the category was the hyperaccumulator group. If the group was animal and the organism was Saccharomyces, the transporter fell into the tolerant group. When the organism was Sorghum, the alanine-alanine count was .0.318, and the protein family was Postia, the transporter fit into the hyperaccumulator group, but if the value was lower than that, it belonged to the tolerant group. Finally, if the organism was Staphylococcus, the alanine-glutamic acid count was .0.273, and the protein family was type IB subfamily, the protein fell into the hyperaccumulator category, and if not, into the tolerant category.
Classification and regression tree
When the classification and regression tree node was run on numerical data, a tree with a depth of 5 was created, and the most important feature used to build this tree was the frequency of glutamine (value #0.028 for tolerant and .0.028 for false). The frequency of other charged residues was used to create the second level for both subgroups (0.822 for tolerant and 0.732 for false). The same results were obtained when feature selection was used.
rule induction
The model was executed on discretized and nondiscretized (numerical) data with two criteria, ie, information gain and accuracy.
Discretized data Information gain
This model generated six rules, with an accuracy of 66.62% ± 10.24% and a precision of 69.24% ± 9.35%.
If the glycine count was ,0.445, the transporter fell into the tolerant group. If the leucine-leucine count was high and the frequency of valine-proline was mid, then the group was hyperaccumulator. If the arginine-alanine count was mid and the glutamic acid-tyrosine count was mid, then the group was tolerant. If the valine-tyrosine count was low and the threonine-glutamic acid count was mid, then the protein belonged to the tolerant group, otherwise to the hyperaccumulator group.
Accuracy
This model generated 15 rules, with an accuracy of 61.33% ± 14.26% and a precision of 72.98% ± 14.64%, respectively. The rules showed that if the frequency of leucine-arginine was high, cysteine-glycine was mid, glycine-glutamic acid was mid, leucine-leucine was low, and arginine-valine was low, then the protein belonged to the tolerant group. If the glutamic acid-methionine, glutamine-histidine, and histidineleucine counts were high, then the protein again belonged to the tolerant group. If the frequency of cysteine-glycine was mid, and the phenylalanineglutamic acid, methionine-arginine, alanine-glutamic acid, and phenylalanine-histidine counts were high, the tryptophan-phenylalanine count was mid, and the frequency of arginine-valine was low, then the heavy metal transporter fitted into the hyperaccumulator group.
numerical data Information gain
When information gain was run on numerical data, a model with six rules, an accuracy of 70.67% ± 8.27%, and a precision of 77.18% ± 9.24% was created. If the glycine count was #0.505, the protein fell into the tolerant group. When the hydrophobic residue count was #0.808 and the arginine-leucine count was .0.375, the protein was in the hyperaccumulator group. If the leucine count was #0.752 and the frequency of aspartic acid was #0.603, then the protein was from the tolerant category. If the asparagine-asparagine count was #0.803 or the asparagine-cysteine count was #0.417, the transporter protein belonged to the hyperaccumulator group. Finally, if the leucine-threonine count was .0.500, the transporter fitted into the tolerant group.
Accuracy
This model generated nine rules with 71.29% ± 11.52% and 79.31% ± 13.25% for accuracy and precision, respectively. The rules showed if the valine-phenylalanine count was #0.115, the lysine-glutamic acid count was .0.393, the valine-valine count was #0.205, and the frequency of histidine-serine was .0.192, the transporter protein fell into the tolerant group. In contrast, when the lysine-lysine count was .0.441, the leucine-histidine was .0.750, the frequency of lysine-valine was .0.417 or was .0.312 for glycineproline, the transporter belonged to the hyperaccumulator category.
generalized rule induction
Generalized rule induction node analysis created 100 rules for 2947 valid transactions, with minimum and maximum support of 15.82% and 27.12%, respectively. Maximum confidence reached 97.42% and minimum confidence decreased to 85.86%. When feature selection was used, minimum support, maximum support, maximum confidence, and minimum confidence changed to 15.17%, 27.12%, 97.42%, and 84.81%, respectively. The highest confidence (97.42%) for both methods (with/without feature selection filtering) occurred when the frequency of glutamine was lower than 0.028, the valine count was .14.5, and the frequency of glutamic acid was greater than 0.086 (Table 3 ).
Screening models
Anomaly detection model When the anomaly detection model was used, the records were divided into two peer groups, with an anomaly index cutoff of 1.760. In the first peer group of 173 records, only one record was found to be anomalous. In peer groups 2, there were 21 records with none being anomalous. The highest anomaly index was 67598.5 ± 27670.5 (for the sulfur count) followed by 6451.1 ± 2077.1 for the hydrogen count.
clustering models K-means In this clustering model, more than 76% of the records (n = 148) were put into the first cluster and four, 15, one, and 26 records were put into the second, third, fourth, and fifth clusters, respectively, with the starting iteration of 9.42. When the K-means model was Table 2 . rule sets (with supports .50%) induced by FP-growth itemset mining on discretized data (Pt was cation transport ATPase (P-type) family; group was animal was cu transporter (low 0-0.35, mid 0.35-0.5, high .0.5)). applied on the dataset with feature selection filtering, again five clusters (with starting iteration of 6.44) were generated, with 173, 13, five, two, and one records in each cluster, respectively.
Two-step cluster
This method clustered records into two groups, with 81 and seven records in each. Only two clusters (with 85 and nine records in each) were created for the dataset filtered using feature selection criteria. Mean ± standard error of the mean for performances of rule induction and tree induction models are presented in Table 2 .
Discussion
Metal cation homeostasis is essential for plant nutrition and tolerance to toxic heavy metals. 25 As a result, heavy metal transport is a very exciting and developing field in plant biology. Although there is no direct evidence for the role of plasma membrane efflux transporters in heavy metal tolerance in plants, recent research shows that plants possess several classes of metal transporters that must be involved in metal uptake and homeostasis in general, probably playing a key role in tolerance. [26] [27] [28] These include CPx-ATPases, that are involved in overall metal ion homeostasis and tolerance in plants, the natural resistance-associated macrophage protein family of proteins and cation diffusion facilitator family proteins, 29 and the zinciron permease family. 30 It is obvious that many plant metal transporters remain to be identified at the molecular level. Type 1B heavy metal-transporting P-type ATPases have been identified in prokaryotes and eukaryotes, including yeasts, insects, plants, and mammals. 31 In prokaryotes, the metal substrates of these transporters include Cu, Zn, Cd, Ag, Pb, and Co ions, and, in most cases, individual transporters confer tolerance to the metal ion substrate by acting as an efflux pump. 32, 33 However, some types of 1B-ATPases in bacteria appear to be involved in metal uptake and homeostasis. 34, 35 P1B-type CPx-ATPases are transmembrane metal-transporting proteins which play a major role in metal homeostasis. 34 Despite their importance, very little is known about their functions in plants. P1B-type CPx-ATPases have been implicated in the transport of a range of essential, as well as potentially toxic, metals across cell membranes. 36, 37 Emergency mechanisms, such as reduced uptake, facilitated efflux, sequestration, and modification, are commonly utilized by organisms to achieve resistance to the toxicity of heavy metals. It has been suggested that CPx-ATPases act as a potential key heavy metal transporter involving not only metal ion homeostasis but also the overall strategy for heavy metal tolerance.
38 Bioinformatics analysis of P-type ATPases in eukaryotic genomes extended the organismal distributions of the previously recognized families (families 1-9) to 13 new families (families [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] , and three novel topological types of P-type ATPases have been reported. 39 Another study suggested that conformational changes in the catalytic cycle of these pumps imply secondary-structure rearrangements of small hinge regions impacting on large domain reorganizations. 40 Modeling was used to find similar structures between P-type ATPases, indicating an extended C-terminal region in some pumps, which are involved in enzyme regulation. 41 Data mining tools can be used for data analysis and can efficiently uncover important data patterns, contributing greatly to business strategies, knowledge bases, and scientific research. To date, various methods have been employed to study the metal transporters in plants (see Introduction). Here we applied different modeling techniques (screening, clustering, itemset mining, and decision trees) to study more than 2000 features of 168 transporters, in an attempt to determine the main protein features that contribute to the ability of transporters to relocate heavy metals.
Although the number of attributes with weights $0.70 varied from 1 (in Chi-square and uncertainty weighting) to 62 (in gain ratio weighting), the glycine count was chosen by 10 models (five attribute weighting, tree rule induction, and two rule induction) as one of the most important attributes. The residues forming the nucleotide-binding site in Ca 2+ and Na + /K + -ATPases are conserved in most P-type ATPases, and there are two motifs specified only to members of this subfamily. Both of these are located in the N domain. The HP motif is present in 34-43 residues from phosphorylatable aspartate, and a protein kinase-like GxGxxG/A motif is found downstream in the same domain.
As shown in the Results section, the dipeptide frequency and count play a major role in attribute weighting models, confirming the importance of dipeptide bonds in the function of hyperaccumulator pumps, as suggested by Abdelmagid and Too. 42 The frequency of glutamine-valine was the next important protein attribute selected by five models (one attribute weighting and four tree induction models). In three attribute weightings and one tree induction model, the valine-phenylalanine count was shown to be the third most important protein feature regarding the type of heavy metal transporter. The best and worst performances were gained when rule induction was applied on discretized data with area under curve (AUC) (optimistic, 84.0% ± 12.4%) and AUC (pessimistic) criteria, respectively. The figures generally were higher when numerical data (nondiscretized data) was used. The numbers of rules generated from 6-15 have the ability to distinguish between hyperaccumulator pumps and tolerant pumps. When tree induction model was run on a numerical dataset, the highest performance was gained on the Gini index criterion of the decision tree (96.0% ± 6.7%) and the lowest performance (47.9% ± 16.6%) was obtained when tree induction was applied on discretized data of the decision tree with the Gini index criterion.
Although some trees generated by tree induction models had just two branches, as seen in the information gain of ID3 in the numerical data, the depth of trees in some models was so complicated (more than 200 branches in ID3 run on discretized dataset with the Gini index and accuracy criteria) that it was difficult to extract results. Generally, decision tree algorithms provide a very useful tool for manipulating huge amounts of data. They have been used for P glycoprotein pump classification using three datasets for substrate, inhibitor, and inducer activities, with predictive accuracies of up to 90% in CHAID, CART, and C4.5 models, 43 although other models, such as support vector machine or K-NN have also been proposed for prediction of P glycoprotein pumps, with an accuracy of up to 81%. 44 The decision tree method for classification problems has been extended to accommodate multiple dependent properties. When applied to drug discovery efforts, this means a separate activity class that can be predicted for each of several targets with a single tree model. A new tree representation and growth procedure, PUMP-RP, has been developed. The final architecture of the tree provides easy interpretation as to which independent variables and split values are important for all targets and which are specific for a given target. An additional advantage of the new method is using of data with missing (or even sparse) dependent property values. This has the potential to leverage copious data from an older, well-studied target while beginning to study a newer target for which only a small amount of data are available. 45 In another study, a support machine vector-based method is used for the identification of lipocalin protein sequences with high predictive accuracy (.90% in leave-one-out). The model used both position-specific scoring matrix (PSSM), and secondary structure emerged as the best model in this study. 46 Cysteine was one of the contributing protein attributes assigned by many algorithms, either in a single or dipeptide form with other amino acids. Cysteine easily combines with oxygen and makes a covalent bond with another cysteine (disulfide bond), resulting in a highly hydrophilic and nonpolar molecule, and plays an important role in the structural conformation of heavy metal transporters. It has been shown that cysteine and histidine participate in binding of several transition metals and iron complexes. The method predicted histidine as being in either of two states (free or metal-bound) and cysteine in either of three states (free, metal-bound, or in disulfide bridges). The method used only sequence information by utilizing position-specific evolutionary profiles, as well as more global descriptors, such as protein length and amino acid composition. 47 In another study, two mutant versions of the metallothionein gene were constructed and tested for their ability to confer metal resistance. The results demonstrated that there is significant flexibility in the structural requirements for metallothionein to function in copper detoxification, and that yeast metallothionein is also capable of detoxifying cadmium under conditions of constitutive expression. 48 There were two peer groups with anomalies, with the count of sulfur as the most anomalous attribute, and the positive effects of feature selection filtering for removing outliers was confirmed here, as previously demonstrated. 49 The number of clusters generated by K-means modeling did not change between the models with and without feature selection, although the number of records in the clusters changed. An unsupervised, two-phase clustering approach that combined K-means and hierarchical clustering with knowledge-informed cluster selection and annotation methods was used in approximately 20,000 cysteine-based protein microenvironments, and identified 70 interesting clusters, some of which represented known motifs (eg, metal binding and phosphatase activity), and some of which were novel, including several zinc binding sites. These results showed that clustering may be helpful in the functional characterization of novel proteins and to help us understand the protein structure-function relationship better. 50 The model put more than two-thirds of records into one cluster, showing the relative homogeneity between the records (no significant differences at P . 0.05 found with and without feature selection). In the two-step model, the number of clusters was the same with or without feature selection, and the numbers of records in each cluster showed little variation.
The results showed that various bioinformatics tools and modeling facilities can be used to identify types of heavy metal transporter proteins, with a precision rate up to 95%. To our knowledge, this is the first time that primary or secondary attributes have been shown to play an important role in the extent of heavy metal tolerance in these transporters, and the glycine count to be the most important protein feature in this regard. In addition, feature selection, or attribute weighting, can be used to select the most important protein attributes and reduce the burden on processing equipment. The new findings, presented here, open up new avenues for understanding the structure of heavy metal transporters, modeling, and prediction of the amount of unknown P1B-ATPase pump accumulation activity. This work lays the foundation for engineering new super hyperaccumulator pumps in the laboratory using various mutagenesis tools, such as site-directed mutagenesis based on critical protein and amino acid features discovered in this research. 
